The advent of WWW changed the way we can produce and access information.
Introduction
The advent of social media changed the way we get informed and shape our opinion. In 2016, post-truth was selected by the Oxford Dictionaries as the word of the year. The definition reads "relating to or denoting circumstances in which objective facts are less influential in shaping public opinion than appeals to emotion and personal belief", that is, we select information and interpretations adhering to our system of beliefs (confirmation bias).
This phenomenon is not new, our cognitive abilities have always been limited, and social media and the consequent disintermediated access to an unprecedented amount of information solely exacerbated the process. Recent studies on massive datasets (376 million users) [1] showed that major disintermediated access to information is creating segregation of users into communities where they share a specific worldview and ignore dissenting information. Confirmation bias dominates news consumption and informational cascades foster the emergence of polarized groups around shared narratives [2, 3, 4, 5, 6] .
Important results (that served to inform the Global risk report of the World Economic Forum in 2016 and 2017) pointed out the pivotal role of confirmation bias -i.e., the attitude of acquiring information coherently with the individual system of belief-in viral processes as well as in the collective framing of narratives. In particular, one of these works [6] , showing the inefficacy of debunking, convinced the Washington Post to close its weekly column dedicated to debunking false rumors [7] .
The process of acceptance of a claim (whether documented or not) may be altered by normative social influence or by the coherence with the individual system of beliefs as well-documented in the literature on cognitive and social psychology of communication [8, 9] . At the extreme of the spectrum, conspiracy theorists tend to explain significant social or political aspects as plots conceived by powerful individuals or organizations, and with the so-called urban legends they share an important characteristic: the object of the narratives are inevitably threatening the established social order or well-being and are always an indicator of what communities and social groups deeply fear [10] . These phenomena are evidently of great interest and can be considered as a sort of "thermometer" of social mood. Since these kinds of arguments can sometimes involve the rejection of science, alternative explanations are invoked to replace the scientific evidence. For instance, people who reject the link between HIV and AIDS generally believe that AIDS was created by the U.S. Government to control the African American population.
In this paper we focus on the interplay between users and news outlet on Facebook by comparing four European countries: France, Germany, Italy and Spain. First, we compare the pages' posting behavior and the users' interacting patterns across countries and observe different posting, liking and commenting rates. Second, we explore the tendency of users to interact with a variety of pages (i.e., selective exposure) and the polarized communities of pages that emerge from the users' consumption habits. Then, we introduce a new method to calculate the percentage of polarized users when more than two communities are involved and thus rank the four countries accordingly. We find that Italy is the most polarized country, followed by France, Germany and lastly Spain.
Finally, we present a variation of the Bounded Confidence Model [11] to simulate the emergence of these communities by considering the users' engagement and trust on the news.
Materials and Methods

Ethics Statement
The data collection process was carried out using the Facebook Graph API [12] , which is publicly available. The pages from which we downloaded data are public Facebook entities and can be accessed by anyone. Users' content contributing to such pages is public unless users' privacy settings specify otherwise, and in that case their activity is not available to us.
Data Collection
We generated a list of top news sources, in their official language, of France, Germany, Italy and Spain. The list for each country was compiled considering the Reuters Digital News Reports [13] [14] [15] . We then obtained the official 
Preliminaries and Definitions
In this section we provide a brief description of the main concepts and tools used in the analysis.
Projection of Bipartite Graphs
A bipartite graph is a triple G = (A, B, E) where A = {a i | i = 1 . . . n A } and B = {b j | j = 1 . . . n B } are two disjoint sets of vertices, and E ⊆ A × B is the set of edges, i.e. edges that exist only between vertices of sets A and B. The bipartite graph G is described by the rectangular matrix M where M ij = 1, if an edge exits between a i and b j , and M ij = 0 otherwise.
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Italy Spain [15] . Likers is the number of people that gave at least one like. Commenters is the number of people that gave at least one comment. Users is the number of people that gave at least a like or comment.
We consider bipartite networks in which the two disjointed set of nodes are users and Facebook pages. That is G κ = (P κ , U, E) where P κ is the set of Facebook pages of country κ and U is the set of users active on pages belonging to P κ . Edges represent interactions among users and pages, that is, either likes or comments.
As an example, a like given to a post on page p constitutes a link between the user u and the page p so M p,u = 1. We can then build the co-occurrence matrices C Pκ = M M T and C U = M T M that quantify, respectively, the number of common neighbors between two vertices of P κ or U .
Only two graphs per country will be relevant for the analyses, G 
Community Detection Algorithms
Community detection algorithms serve to identify groups of nodes in a network. In this work we apply three different community detection algorithms.
FastGreedy (FG). It takes an agglomerative bottom-up approach: initially
each vertex belongs to a separate community and, at each iteration, the communities are merged in a way that yields the largest increase in the current value of modularity [16] . The algorithm stops when it is no longer possible to further increase the modularity. Due to its speed and its lack of parameters in need of tuning, this algorithm will be the main reference to compare against the partitions resulting from the application of other community detection algorithms.
Multilevel (ML)
. It uses a multi-level optimization procedure for the modularity score [17] . It takes a bottom-up approach where each vertex initially belongs to a separate community and in each step, unlike FastGreedy, vertices are reassigned in order to achieve the highest modularity.
Spinglass (SG). It interprets the problem of community detection as one of
finding the ground state of an infinite range spin-glass. In this algorithm, the community structure of the network would be the spin configuration that minimizes the energy of the spin glass, with the spin states being the community indices [18] [19] .
To compare the various community partitions and the similarity between different clustering methods, we use the Rand index [20] , where a comparison between two partitions yields a value between 0 and 1, such that 0 indicates that there is no agreement on any vertex between the two partitions, whereas 1 indicates that the partitions are exactly the same.
Results and Discussion
Attention Patterns
As a first step we characterize how different countries consume news on Facebook. We focus particularly on the allowed users' actions through the entire period of the data collection: likes, shares and comments. Naturally, each action has a prescribed meaning. A like represents a positive feedback to a post; a share expresses the user's desire to increase the visibility of a given piece of information; and a comment is the way in which online collective debates take form. Therefore, comments may contain negative or positive feedback with respect to a post.
In Fig. 1 we show the distribution of the number of likes, comments and shares received by the posts belonging to each country. As seen from the plots, all the distributions are heavy-tailed, that is, they are best fitted by power laws (as shown in Tab. 2) and possess similar scaling parameters with some notable differences when looking at the number of comments and likes (Tab. 3). Table 3 : Powerlaw fit of the actions received by the posts of each country. Table 5 : Power law fit of users' attention patterns.
Selective Exposure
The overall number of likes given by each user is a good proxy for their level of engagement with the Facebook news pages. The lifetime of a user, meaning the period of time where the user started and stopped interacting with our set of pages, can be approximated by the time difference between the timestamp of their latest and earliest liked post. These measures could provide important insights about news consumption patterns, specifically, the variety of news sources consumed over time.
We say that a user has consumed a page in a given time window, if the user has at least one positive interaction with that page in that period, that is, the user liked a post made by that page. We do not consider comments as a valid interaction for regular consumption because they have very diverse Note that, for all countries, users usually interact with a small number of news outlets and that higher levels of activity and longer lifetime correspond to a smaller variety of news sources being consumed. We can also observe clear differences between the countries. When considering the users' lifetime, France has clearly a more varied news consumption diet than the rest; and when considering the users' activity users in Germany consume consistently the less diverse set of news sources. We can conclude that there is a natural tendency of the users to confine their activity to a limited set of pages, news consumption on Facebook is indeed dominated by selective exposure [1] and users from different countries display different rates for the decreasing variety of news outlets they consume.
Emerging Communities
User tendency to interact with few news sources might elicit page clusters. To test this hypothesis, we first characterize the emergent community structure of pages according to the users' activity for each country κ with We then apply the FastGreedy community detection algorithm to see if there are well-defined communities for each case. To validate the community partitioning, we then compare the membership of other community detection algo-rithms using the Rand method [20] and find high level of similarity for all four countries (see Tab. 6).
We also compared the communities of G κ L and G κ C against each other using different community detection algorithms and find, overall, low levels of similarity (see Tab. 7). This indicates that, for all four countries, the set pages users generally approve of (like), differ from the set of pages where they debate (comment). 
User Polarization
By examining the activity of users across the various clusters and measuring how they span across news outlets, we find that most users remain confined within specific groups of pages. To understand the relationship between page groupings and user behavior, we measure the polarization of users with respect to the communities found for each country κ where κ = {F R, DE, IT, ES}.
For a user with K likes with i k i = K such that each k i belongs to the i th community (i = 1 . . . N , where N equals the number of communities). The probability φ i that the user belongs to the i-th community will then be φ i = k i /K. We can define the localization order parameter L as:
Thus, in the case in which the user only has likes in one community, L = 1. If a user, on the other hand, interacts equally with all the communities As we can see in Fig. 4 , the densities are well behaved, that is, present a single and Italy (median : 1.00001).
The Model.
In this section we provide a simple model of users' preferential attachment to specific sources that considers the users' trust on the media as a parameter and reproduces the observed community structure.
The entities of our model are pages p ∈ P and users u ∈ U . Each page p is characterized by a set of opinions (an editorial line) modelled as a real number c p that ranges [0, 1]. We assume that the c p values are uniformly distributed.
Each user u has an initial opinion that is modelled as a real number θ u , which ranges between [0, 1] and it is uniformly distributed. Each users u also has a measure of trust in the media modelled by the real number τ u , which ranges between [0, 1]. User's trust will follow a truncated normal distribution.
We suppose c p and θ u to be homogeneous such that the quantity |c p − θ u | is the distance between the opinion of user u and the editorial line of page p. We mimic confirmation bias by assuming that if user u interacts with a page p and the opinion distance |c p − θ u | is less than a given tolerance parameter ∆, the preference of user u will converge toward the editorial line of page p according to the modified BCM [11] equation:
To mimic user activity we give each user u an activity coefficient a u that represents the number of pages a user can visit. Thus, the final opinion of a user will average the editorial lines of the pages the user likes. If Ω is the set of |Ω| pages that matches the preferences of user u, then the average opinion will be:
To mimic the long tail distribution of our data we set the activity distribution to be power law distributed p(a) ∼ a −γ with exponent γ = 3.
We use numerical simulation to study our model. A user randomly selects a subset of P with which to interact. The user likes a page only when |c p −θ u | < ∆.
When this occurs, the feedback mechanism reinforces the user's page preference using the trust parameter τ u to control the extent of the feedback. Thus the final opinion of a user will be the average of the editorial lines of the pages the user likes.
When a user's opinion converges, we build in the bipartite graph G sim = (I, P, E sim ) where the set of edges E sim are the couplings (u, p) with which user u likes page p. Hence, G sim represents users interacting with their favorite pages, and from G sim we can build the projected graph G p sim that links the pages according their common users. Figure 6 shows an analysis of G p sim as a function of the mean values used for the truncated normal distribution that models the trust τ , with different standard deviations and tolerance. Each point of the simulation is averaged over 100 iterations.
We can see that increasing the tolerance ∆ leads to a reduction of the num-ber of communities, that is, agreement is reached faster and polarization takes place. Very low and very high values of user trust also display similar behavior.
Absolute trust or no trust in the media leads to fast polarization, either the user will trust what they read fully and change their opinion accordingly, or they won't.
The simulation displays an interesting behavior at τ = 0.1 where the number of communities formed by the users' consumption habits seem to peak. This indicates that some skepticism might actually factor against polarization. Users' who distrust the news they interact with, even when their opinions were similar, are more reluctant to further change their own beliefs. Perhaps a solution for the issue of false and misleading narratives could be found by fostering critical readers.
Discussion
In this paper we use quantitative analysis to understand and compare the news consumption patterns of four European countries: France, Germany, Italy and Spain. We show that while there are similarities in the consumption behaviours between the four countries, the posting and consumption behavior is not universal.
The results also show that all users, regardless of country, display selective exposure, that is, the more active a user is on Facebook the less variety of news sources they tend to consume. This behavior is seen in all four countries, with different rates of selective exposure for each case. News consumption on Facebook is dominated by selective exposure.
Additionally, we studied the cluster of news pages that emerge from the user's activity, and found that users, regardless of their nationality, are polarized. We then measure the polarization of the users of each country, and ranked them accordingly, finding that Italy presents the most polarized users, followed by France, Germany and finally Spain. Further studies might gain insights into the reasons behind the slight variations in consumption habits.
Finally, we introduce a variation on the Bonded Confidence Model [11] that mimics the users' behavior of selective exposure taking into account user trust.
The simulation seems to indicate that users' who have some distrust of the news they interact with, even when the narrative presented conforms to their beliefs, are more reluctant to further change their own beliefs. Thus, a tentative solution to mitigate user polarization might be found by fostering critical readers.
Supporting Information
In this section we provide the list of all the downloaded pages. Table 8 contains the 225 
